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Abstract

This paperreportson the LEARNING
COMPUTATIONAL GRAMMARS (LCG)
project, a postdocnetwork devoted to
studying the application of machine
learningtechniqueso grammarssuit-
ablefor computationalise.Wewerein-
terestedn a moresystematicsuney to
understandhe relevanceof mary fac-
torsto the succes®f learning,esp.the
availability of annotatediata,the kind
of dependenciedn the data, and the
availability of knonvledgebaseqgram-
mars).Wefocusednsyntax,.esp.noun
phrasgNP) syntax.

1 Intr oduction

This papemreportson thestill preliminary but al-
readysatisfyingresultsof the LEARNING COM-
PUTATIONAL GRAMMARS (LCG) project,apost-
doc network devotedto studyingthe application
of machindearningtechnique$o grammarsuit-
able for computationaluse. The memberinsti-
tutesarelistedwith theauthorsandalsoincluded
ISSCOat the University of Genea. We wereim-
pressedby early experimentsapplying learning
to naturallanguagebut dissatisfiedvith the con-
centrationon a few techniquesrom theveryrich
areaof machinelearning. We wereinterestedn
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a moresystematicsuney to understandhe rele-
vanceof mary factorsto the succes®f learning,
esp. the availability of annotateddata,the kind

of dependenciem the data,andthe availability

of knovledgebaseqgrammars).We focusedon

syntax, esp. noun phrase(NP) syntaxfrom the
beginning. Theindustrialpartner Xerox, focused
on more immediateapplications(Canceddaand
Samuelssorg000).

The network was focusednot only by its sci-
entific goal, the application and evaluation of
machine-learnintechniquessusedto learnnat-
ural languagesyntax,andby the subareaf syn-
tax chosen,NP syntax, but also by the use of
sharedrainingandtestmaterial,in this casema-
terial dravn from the PennTreebank Finally, we
were curiousaboutthe possibility of combining
differenttechniquesincludingthosefrom statisti-
cal andsymbolicmachineearning. The network
memberglayedanimportantrole in the organi-
sationof threeopenworkshopsin which several
externalgroupsparticipatedsharingdataandtest
materials.

2 Method

This sectionstartswith a descriptionof thethree
tasksthatwe have workedonin theframework of
this project. After this we will describethe ma-
chinelearningalgorithmsappliedto this dataand
concludewith somenotesaboutcombiningdif-

ferentsystenresults.

2.1 Taskdescriptions

In theframawvork of this project,we have worked
onthefollowing threetasks:

1. basephrasgchunk)identification
2. basenounphraserecognition
3. finding arbitrarynounphrases



Text chunksare non-overlappingphraseswhich
containsyntacticallyrelatedwords. For example,
thesentence:

[Np He] [vp reclons] [xp thecurrent
accoundeficit] [yp will narraw |

[pp to] [np only £ 1.8billion ]

[pp in] [xp Septembe}.

containseight chunks,four NP chunks,two VP
chunksandtwo PP chunks. The latter only con-
tain prepositiongatherthanprepositiongplusthe
noun phrasematerial becausethat has already
beenincludedin NP chunks. The processof
finding thesephrasess called CHUNKING. The
project provided a data set for this task at the
CoNLL-2000 workshop (Tjong Kim Sangand
Buchholz,2000Y.. It consistf sectionsl5-18of
theWall StreetJournalpartof the PennTreebank
Il (Marcuset al., 1993)astrainingdata(211727
tokens)andsection20 astestdata(47377tokens).
A specialisedversionof the chunkingtaskis
NP CHUNKING or baseNRdentificationin which
thegoalis to identify thebasenounphrasesThe
first work on this topic was done back in the
eighties(Church, 1988). The dataset that has
becomestandardfor evaluation machinelearn-
ing approachess the onefirst usedby Ramsha
andMarcus(1995). It consistf the sametrain-
ing andtestdatasegmentsof the PennTreebank
asthe chunkingtask(respectiely sectionsl5-18
and section20). However, sincethe datasets
have beengeneratedvith differentsoftware, the
NP boundariesn the NP chunkingdatasetsare
slightly differentfrom the NP boundariesn the
generakchunkingdata.
Nounphrasesrenotrestrictedo thebasdev-
elsof parsetrees.For example,in thesentencén
early trading in Hong Kong Monday , gold was
guoted at $ 366.50 an ounce ., the nounphrase
[Np $ 366.50an ounce] containstwo embedded
nounphrasegyp $ 366.50] and[xp anounce].
In the NP BRACKETING task,the goalis to find
all nounphrasesn a sentenceDatasetsfor this
taskweredefinedfor CONLL-99”. The datacon-
sistof thesamesegmentsof thePennTreebanlas
!Detailed information about chunking, the CoNLL-
2000 shared task, is also available at http://icg-
www.uia.ac.be/conll2000/chunking/

2Information about NP bracleting can be found at
http://lcg-wwwuia.ac.be/conll99/npb/

the previous two tasks(sectionsl5-18)astrain-

ing materialandsection20 astestmaterial. This

materialwasextracteddirectly from the Treebank
andthereforeheNP boundariesitbasdevelsare

differentfrom thosein the previoustwo tasks.

In the evaluationof all threetasks,the accu-
ragy of the learnerss measuredvith threerates.
We comparethe constituentspostulatedby the
learnerswith thosemarked ascorrectby experts
(gold standard) First, the percentagef detected
constituentghat are correct(precision). Second,
the percentagef correctconstituentshatarede-
tected(recall). And third, a combinationof pre-
cisionandrecall,the Fg_; ratewhichis equalto
(2*precision*recall(precision+recall).

2.2 Machine Learning Techniques

This sectionintroducesthe ten learning meth-
ods that have been applied by the project
membersto the three tasks: LSCGs, ALLIS,
LSOMMBL, Maximum Entropy, Aleph, MDL-
basedDCG learners,Finite State Transducers,
1B1IG, IGTREE andC5.0.

Local Structural Context Grammars
(Lscacs) (Belz, 2001) are situated between
corventional probabilistic contet-free produc-
tion rule grammarsand bop-Grammars(e.qg.,
Bod and Scha(1997)). LscGs outperformthe
former becausethey do not sharetheir inher
ent independenceassumptions,and are more
computationallyefficient thanthe latter, because
they incorporate only subsetsof the contet
included in bor-Grammars. Local Structural
Contet (Lsc) is (partial) information aboutthe
immediateneighbourhooaf a phrasen a parse.
By conditioningbracleting probabilitieson L sc,
morefine-grainedgrobabilitydistributionscanbe
achiered,andparsingperformancencreased.

Given corporaof parsedext suchasthe wsy,
LSCGs areusedin automaticgrammarconstruc-
tion asfollows. An LSCG is derivedfrom the cor
pusby extractingproductionrulesfrom braclet-
ings and annotatingthe ruleswith the type(s)of
LSC to beincorporatedn the LscG (e.g.parent
catgyory information,depthof embeddingetc.).
Rule probabilitiesarederied from rule frequen-
cies(currentlyby Maximum Lik elihood Estima-
tion). In aseparateptimisationstep theresulting
LSCGs are optimisedin termsof size and pars-



ing performancefor a given parsingtask by an
automaticmethod(currently a versionof beam
search)hat searcheshe spaceof partitionsof a
grammars setof nonterminals.

The LSCG researchefforts differ from other
approacheseportedn this paperin two respects.
Firstly, nolexical informationis usedatary point,
astheaimisto investigateéheupperlimit of pars-
ing performancevithoutlexicalisation.Secondly
grammarsareoptimisedfor parsingperformance
and size, the aim beingto improve performance
but notatthepriceof arbitraryincreasesn gram-
mar complity (hencethe costof parsing). The
automaticoptimisationof corpus-deried LSCGS
is the subjectof ongoingresearctandthe results
reportedherefor this methodare thereforepre-
liminary.

Theory Refinement (ALLiS). ALLIS
((Déjean, 2000b), (Déjean, 2000c)) is a in-
ductive rule-basedsystem using a traditional
general-to-specificapproach (Mitchell, 1997).
After generatinga default classification rule
(equivalent to the n-gram model), ALLIS tries
to refine it sincethe accurag of theserulesis
usually not high enough. Refinementis done
by addingmore premisegcontetual elements).
ALLIS usesdata encodedin XML, and also
learnsrulesin XML. Fromthe perspectie of the
XML formalism, the initial rule canbe viewed
as a tree with only one leaf, and refinementis
doneby addingadjacenteavesuntil theaccurag
of the rule is high enough(a tuning threshold
is used). Theseadditionalleaves correspondo
more precise contextual elements. Using the
hierarchical structure of an XML document,
refinement begins with the highest available
hierarchicalevel andgoesdown in the hierarchy
(for example,startingat the chunklevel andthen
word level). Adding new low level elements
malkes the rules more specific, increasingtheir
accurag but decreasingheir coverage. After
the learning is completed,the set of rules is
transformedinto a properformalism usedby a
givenparser

Labelled SOM and Memory BasedLearn-
ing (LSOMMBL) is aneurallyinspiredtechnique
which incorporatesa modified self-oganising
map (SOM, alsoknown asa ‘KohonenMap’) in
memory-basedearningto selecta subsetof the

training datafor comparisonwith novel items.
The SOM is trainedwith labelledinputs. Dur-
ing training, eachunit in the map acquiresa la-
bel. Whenaninputis presentedthe nodein the
mapwith the highestactivation (the ‘winner’) is
identified. If thewinneris unlabelledthenit ac-
quiresthe label from its input. Labelled units
only respondo similarly labelledinputs. Other
wise training proceedsaswith the normalSOM.
When training ends, all inputs are presentedo
the SOM, and the winning units for the inputs
arenoted. Any unusedunits arethendiscarded.
Thuseachremainingunit in the SOM is associ-
atedwith the setof traininginputsthatareclosest
toit. Thisisusedn MBL asfollows. Thelabelled
SOMis trainedwith inputslabelledwith the out-
put cateyories. Whena novel item is presented,
the winning unit for eachcateyory is found, the
training items associatedvith the winning units
aresearchedor theclosesitemto thenovel item
andthemostfrequentclassificatiorof thatitemis
usedasthe classificatiorfor the novel item.

Maximum Entropy When building a classi-
fier, onemustgatherevidencefor predictingthe
correctclassof an item from its contet. The
Maximum Entropy (MaxEnt)framework is espe-
cially suitedfor integrating evidencefrom var
ious information sources. Frequenciesof evi-
dence/classombinationgcalledfeatureshreex-
tractedfrom asamplecorpusandconsideredo be
propertiesof the classificatiorprocess Attention
is constrainedto modelswith theseproperties.
The MaxEnt principle nov demandghatamong
all the probability distributions that obey these
constraintsthe mostuniform is chosen. During
training, featuresare assignedveightsin sucha
way that, given the MaxEnt principle, the train-
ing datais matchedaswell aspossible. During
evaluationit is testedwhich featuresare active
(i.e., a featureis actve whenthe context meets
therequirementgiven by the feature).For every
classthe weightsof the active featuresare com-
binedandthebestscoringclassis chosenBerger
etal., 1996). For the classifierbuilt herewe use
asevidencethesurroundingvords,theirPOStags
andbaseNRagspredictedor thepreviouswords.
A mixture of simple features(consistingof one
of the mentionednformationsourcesyndcom-
plex features(combinationsthereof)were used.



The left context never exceeded3 words, the
right context wasmaximally 2 words. The model
wascalculatedusingexisting software (Dehaspe,
1997).

Inductive Logic Programming (ILP) Aleph
is an ILP machinelearningsystemthat searches
for a hypothesis,given positive (and, if avail-
able,negative) datain the form of groundProlog
termsand backgroundknowledge (prior knowl-
edgemadeavailable to the learning algorithm)
in the form of Prolog predicates. The system,
then, constructsa setof hypothesisclausesthat
fit the dataand backgroundaswell aspossible.
In orderto approachthe problemof NP chunk-
ing in this context of single-predicatéearning,it
was reformulatedas a taggingtask where each
word wastaggedasbeing ‘inside’ or ‘outside’ a
baseNRconsecutie NPsweretreatedappropri-
ately). Then,thetargettheoryis aPrologprogram
thatcorrectlypredictsa word’s tag givenits con-
text. Thecontet consistecbf PoStaggedwords
andsyntacticallytaggedwvordsto theleft andPoS
taggedwordsto theright, sothattheresultingtag-
ger can be appliedin the left-to-right passover
PoS-taggedext.

Minimum Description Length (MDL) Esti-
mation using the minimum descriptionlength
principleinvolvesfindingamodelwhichnotonly
‘explains’ the training materialwell, but alsois
compact.The basicideais to balancethe gener
ality of amodel(roughlyspeakingthemorecom-
pactthemodel,themoregeneralt is) with its spe-
cialisationto the training material. We have ap-
plied MDL to thetaskof learningbroad-ceering
definite-clausgrammardrom eitherraw text, or
elsefrom parsedcorpora(Osborne 1999a). Pre-
liminary resultshave shavn that learningusing
just raw text is worsethanlearningwith parsed
corpora,andthatlearningusingboth parsedcor
poraanda compression-basaatior is betterthan
whenlearningusingparsedorporaandauniform
prior. Furthermorewe have notedthat our in-
stantiationof MDL doesnot capturedependen-
cieswhich exist eitherin the grammaror elsein
preferredparses.Ongoingwork hasfocusedon
applyingrandomfield technology(maximumen-
tropy) to MDL-basedgrammarearning(seeOs-
borne(2000a)for someof theissuednvolved).

Finite State Transducers are built by inter

pretingprobabilisticautomataastransducersWe
use a probabilistic grammaticalalgorithm, the
DDSM algorithm (Thollard, 2001), for learning
automatahat provide the probability of anitem
giventhe previousones.Theitemsaredescribed
by bigramsof the formatfeature:classln there-
sultingautomatave considera transitionlabeled
feature:clasasthetransducetransitionthattakes
asinput thefirst part (feature)of the bigramand
outputsthe secondpart (class). By applyingthe
Viterbi algorithmon sucha model, we canfind
outthemostprobablesetof classvaluesgivenan
input setof featurevalues. As the DDSM algo-
rithm hasatuningparameterit canprovide mary
differentautomata\We applyamajority vote over
the propositionsmadeby the so computedau-
tomata/transducefsr obtainingtheresultsmen-
tionedin this paper

Memory-based learning methods store all
trainingdataandclassifytestdataitemsby giving
themthe classificationof the training dataitems
whicharemostsimilar. We have usedthreediffer-
ent algorithms: the nearesneighbouralgorithm
I1B1IG, which is partof the Timbl software pack-
age (Daelemanset al., 1999), the decisiontree
learnerl GTREE, alsofrom Timbl, and C5.0, a
commercialversionof the decisiontree learner
C4.5(Quinlan,1993). They areclassifieravhich
meansthat they assignphraseclassessuchasl|
(insideaphrase)B (atthebeginningof a phrase)
and O (outsidea phrase)to words. In orderto
improve the classificatiorprocesave provide the
systemswith extra information aboutthe words
suchasthe previous n words, the next n words,
theirpart-of-speeckagsandchunktagsestimated
by anearlierclassificatiorprocessWe usethede-
fault settingsof the software exceptfor the num-
ber of examinednearesieighbourhoodegions
for 1B1IG (k, defaultis 1) which we setto 3.

2.3 Combination techniques

When different systemsare appliedto the same
problem,aclever combinatiorof theirresultswill

outperformall of the individual results(Diette-
rich, 1997).Thereasorfor thisis thatthesystems
oftenmalke differenterrorsandsomeof theseer

rors canbe eliminatedby examiningthe classifi-
cationsof the others. The mostsimplecombina-
tion methodis MAJORITY VOTING. It examines



the classificationsof the test dataitem and for
eachitem chooseghe mostfrequentlypredicted
classification Despiteits simplicity, majority vot-
ing hasfoundto be quite usefulfor boostingper
formanceon thetasksthatwe areinterestedn.

We have appliedmajority votingandnineother
combinatiormethodgo theoutputof thelearning
systemghatwereappliedto thethreetasks.Nine
combinationmethodswere originally suggested
by Van Halterenet al. (1998). Five of them,
including majority voting, are so-calledvoting
methods. Apart from majority voting, all assign
weightsto the predictionsof thedifferentsystems
basedon their performanceon non-usedtrain-
ing data,the tuning data. TOTPRECISION uses
classifierweightsbasedon their accurag. TAG-
PRECISION appliesclassificationweights based
on the accurag of the classifierfor that classi-
fication. PRECISION-RECALL usesclassification
weightsthat combinethe precisionof the classi-
fication with the recall of the competitors. And
finally, TAGPAIR usesclassificatiornpair weights
basedon the probability of a classificationfor
somepredictedclassificationpair (van Halteren
etal., 1998).

The remainingfour combinationmethodsare
so-calledsTACKED CLASSIFIERS. Theideais to
malke a classifierprocessthe outputof the indi-
vidual systems.We usedthe two memory-based
learnersBliG andl GTREE asstacledclassifiers.
Like VanHalterenetal. (1998),we evaluatedwo
featurescombinations.The first consistedf the
predictionsof theindividual systemsandthesec-
ond of the predictionsplus one featurethat de-
scribedthe dataitem. We usedthe featurethat,
accordingto the memory-basetkarningmetrics,
wasmostrelevantto thetasks:the part-of-speech
tagof the dataitem.

In the courseof this project we have evalu-
atedanothercombinationmethod: BEST-N MA-
JORITY VOTING (Tjong Kim Sanget al., 2000).
This is similar to majority voting exceptthatin-
steadof usingthe predictionsof all systems,jt
usesonly predictionsfrom someof the systems
for determininghe mostprobableclassifications.
We have experiencedthat for different reasons
somesystemgerformworsethanothersandin-
cludingtheirresultsn themajorityvotedecreases
thecombinedperformanceThereforet is agood

ideato evaluatemajority voting on subsetof all
systemsatherthanonly onthecombinatiorof all
systems.

Apart from standardmajority voting, all com-
bination methodsrequire extra datafor measur
ing their performancewhich is requiredfor de-
termining their weights, the tuning data. This
datacanbeextractedfrom thetrainingdataor the
trainingdatacanbe processedh ann-fold cross-
validationprocessfterwhichtheperformancen
the completetraining datacanbe measured Al-
thoughsomework with individual systemsn the
projecthasbeendonewith the goalof combining
the resultswith othersystemstuning datais not
alwaysavailablefor all results. Thereforeit will
not alwaysbe possibleto apply all ten combina-
tion methodso theresults.In somecasesve have
to restrictourselesto evaluatingmajority voting
only.

3 Results

This sectiongpresentghe resultsof the different
systemappliedto thethreetaskswvhichwerecen-
tral to this this project: chunking,NP chunking
andNP bracleting.

3.1 Chunking

Chunkingwas the sharedtask of CoNLL-2000,
the workshop on ComputationalNatural Lan-
guagelearning,heldin Lisbon,Portugalin 2000
(Tjong Kim Sangand Buchholz, 2000). Six
memberf the projecthave performedthis task.
The resultsof the six systemg(precision,recall
andFs—; canbe foundin table 1. Belz (2001)
usedLocal StructuralContext Grammardor find-
ing chunks. Déjean (2000a) applied the the-
ory refinementsystemALLIS to the sharedtask
data. Koeling (2000) evaluateda maximumen-
tropy learnerwhile using differentfeaturecom-
binations(ME). Osborne(2000b)useda maxi-
mum entroy-basedpart-of-speechaggerfor as-
signingchunktagsto words(ME Tag). Thollard
(2001)identifiedchunkswith Finite StateTrans-
ducergieneratetby a probabilisticgrammaialgo-
rithm (FST).Tjong Kim Sang(2000b)testeddif-
ferentconfiguration®f combinednemory-based
learners(MBL). The FST andthe LSCG results
arelowerthanthoseof the othersystemsecause
they wereobtainedwithoutusinglexical informa-



precision| recall | Fg_;
MBL 94.04% | 91.00%| 92.50
ALLIS 91.87% | 92.31%| 92.09
ME 92.08% | 91.86%| 91.97
ME Tag 91.65% | 92.23%| 91.94
LSCG 87.97% | 88.17%| 88.07
FST 84.92% | 86.75%/| 85.82
combination| 93.68% | 92.98%| 93.33
best 93.45% | 93.51%| 93.48
baseline 72.58% | 82.14%| 77.07

Tablel: Thechunkingresultsfor the six systems
associatedavith the project(sharedtask CoNLL-
2000). The baselineresultshave beenobtained
by selectingthe mostfrequentchunktag associ-
atedwith eachpart-of-speectag. Thebestresults
at CoNLL-2000wereobtainedoy Supportvector
Machines. A majority vote of the six LCG sys-
temsdoesnot performmuchworsethanthis best
result. A majority vote of the five bestsystems
outperformshe bestresultslightly (5% errorre-
duction).

tion. Thebestresultattheworkshopwasobtained
with SupportVectorMachines(KudohandMat-
sumoto,2000).

Becauseherewasno tuning dataavailablefor
the systemsthe only combinationtechniquewe
couldapplyto thesix projectresultswasmajority
voting. We appliedmajority voting to the output
of the six systemawvhile usingthe sameapproach
asTjong Kim Sang(2000b):combiningstartand
end positionsof chunksseparatelyandrestoring
thechunksfrom theseresults.Thecombinedoer
formance(Fg—;=93.33)wascloseto the bestre-
sultpublishedat CoNLL-2000(93.48).

3.2 NP chunking

The NP chunkingtaskis the specialisatiorof the
chunkingtaskin which only basenoun phrases
needto be detected. Standarddatasetsfor ma-
chine learningapproacheso this task were put
forward by Ramshw and Marcus (1995). Six
project membershave applied a total of seven
different systemsto this task, most of themin
the context of the combinationpaperTjong Kim
Sanget al. (2000). Daelemansappliedthe de-
cisiontreelearnerC5.0to the task. Déjeanused
the theoryrefinementsystemALLiS for finding

precision| recall | Fz_;
MBL 93.63% | 92.88%| 93.25
ME 93.20% | 93.00%| 93.10
ALLiS 92.49% | 92.69%| 92.59
IGTree 92.28% | 91.65%| 91.96
C5.0 89.59% | 90.66%| 90.12
SOM 89.29% | 89.73%| 89.51
combination| 93.78% | 93.52%| 93.65
best 94.18% | 93.55%| 93.86
baseline 78.20% | 81.87%| 79.99

Table 2: The NP chunking resultsfor six sys-
temsassociatedvith the project. The baseline
resultshave beenobtainedby selectingthe most
frequentchunktag associatedvith eachpart-of-
speechtag. The bestresultsfor this task have
beenobtainedwith a combinationof sevenlearn-
ers,five of which wereoperatedy projectmem-
bers.Thecombinatiorof thesefive performances
is notfar off thesebestresults.

nounphrasesn thedata.Hammerton(2001)pre-
dictedNP chunkswith theconnectionistmethods
basedon self-oganisingmaps(SOM). Koeling
detectechounphrasesvith a maximumentropy-
basedearneME). Konstantopoulo€000)used
Inductive Logic Programming(ILP) techniques
for finding NP chunksin unseentexts®. Tjong
Kim Sangappliedcombination®f IB1I1G systems
(MBL) andcombinationof | GTREE learnerso
this task. Theresultsof the six of the seven sys-
temscanbefoundin table2. Theresultsof C5.0
and SOM are lower thanthe othersbecauseei-
therof thesesystemausedexical information.

For all of the systemsexceptSOM we hadtun-
ing dataandan extra developmentdatasetavail-
able. We testedall ten combinationmethodson
the developmentset and best-3majority voting
cameout asthe best(Fg—; = 93.30; it usedthe
MBL, ME andALLIS results).Whenwe applied
best-3majority voting to the standardestset,we
obtainedFs—; = 93.65whichis closeto the best
resultwe know for this dataset (Fg—; = 93.86)
(Tjong Kim Sanget al., 2000). The latter result
wasobtainedoy a combinationof sevenlearning
systemsfive of whichwereoperatedy members
of this project.

Resultsareunavailablefor the ILP approach.



precision| recall | Fg_;
MBL 90.00% | 78.38%| 83.79
LSCG | 80.04% | 80.25%| 80.15
MDL 53.2% | 68.7% | 59.9
best 91.28% | 76.06%| 82.98
baseline| 77.57% | 59.85%| 67.56

Table 3: The resultsfor three systemsassoci-
atedwith the projectfor the NP bracleting task,
the sharedtask at CoONLL-99. The baselinere-
sultshave beenobtainedby finding NP chunksin
thetext with analgorithmwhich selectghe most
frequentchunktag associatedvith eachpart-of-
speechtag. The bestresultsat CoNLL-99 was
obtainedvith abottom-upmemory-basetbarner
An improvedversionof thatsystem(MBL) deliv-
eredthebestprojectresult. TheMDL resultshave
beenobtainedon adifferentdatasetandtherefore
combinatiorof thethreesystemsvasnotfeasible.

TheoriginalRamsha andMarcus(1995)pub-
lication evaluatedtheir NP chunler on two data
sets,the secondholding a larger amountof train-
ing data(PennTreebanlsection®2-21)while us-
ing 00 astestdata. Tjong Kim Sang(2000a)has
applieda combinationof memory-basetkarners
to this datasetandobtainedr3_; = 94.90,anim-
provementon Ramsha andMarcuss 93.3.

3.3 NP bracketing

Finding arbitrary noun phraseswas the shared
task of CoNLL-99, held in Bergen, Norway in
1999.Threeprojectmemberdiave performedhis
task. Belz (2001) extractednoun phraseswith
Local StructuralContext Grammarsa variantof
Data-OrientedParsing(LSCG).Osborng1999b)
useda Definite ClauseGrammaitearnerbasedn
Minimum Description Length for finding noun
phrasesin samplesof Penn Treebankmaterial
(MDL). Tjong Kim Sang(2000a)detectechoun
phraseswith a bottom-upcascadeof combina-
tions of memory-basedlassifiers(MBL). The
performancef thethreesystemsanbefoundin
table3. For this taskit wasnot possibleto apply
systemcombinationto the outputof the system.
The MDL resultshave beenobtainedon a differ-
entdatasetandthis left us with two remaining
systems.A majority vote of the two will notim-
prove on the bestsystemandsincetherewasno

tuning dataor developmentdataavailable, other
combinatiormethodscouldnotbeapplied.

4 Prospects

The projecthasprovento be successfuin its re-
sults for applying machinelearningtechniques
to all threeof its selectedtasks: chunking, NP
chunkingandNP bracleting. We arelooking for-
ward to applyingthesetechniquego other NLP
tasks.Threeof our projectmemberwill take part
in theCoNLL-2001sharedask,‘clausing’,hope-
fully with goodresults. Two more have started
working on the challengingtask of full parsing,
in particularby startingwith a chunler andbuild-
ing abottom-uparbitraryphraseecogniseontop
of that. The preliminaryresultsare encouraging
thoughnotasgoodasadwancedstatisticalparsers
like thoseof Charniak(2000)andCollins (2000).

It is fair to characterisd.CG’s goals as pri-
marily technicalin the sensethat we soughtto
maximiseperformanceates,esp.therecognition
of differentlevels of NP structure. Our view in
the projectis certainlybroaderand mostproject
memberswould include learning as one of the
languageprocesse®ne ought to study from a
computationabperspectie—like parsingor gen-
eration.Thissuggesseveralfurtheravenuese.g.,
onemight comparehe learningprogressof sim-
ulationsto humangmasteryasa function of ex-
perience). One might also be interestedin the
exact role of supervision,in the behaiour (and
availability) of incrementallearningalgorithms,
andalsoin comparinghesimulations errorfunc-
tions to thoseof humanlearners(wrt to phrase
length or constructionfrequenyg or similarity).
This would addan interestingcognitive perspec-
tive to the work, alongthe lines begun by Brent
(1997),but we noteit hereonly asa prospectfor
futurework.
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